Abstract-Play based sports monitoring techniques provide coaches and players with the tools to better measure the effects of training or live performance. This paper explores the advantages of using accelerometers units, in an effort to better analyse over ground running in professional athletes. A large portion of studies in player monitoring in the Australian Football League (AFL) utilize GPS to obtain time and distance measurements.
I. INTRODUCTION Accurate activity monitoring techniques provide coaches and players with the tools to better measure the effects of training sessions in the lead up to competition. Player workload management plays an important role in all professional sporting teams.
Activity monitoring gives coaches the ability to monitor the physical demand on athletes by identifying the different activities of a training session or competition and the intensity of these activities. Activity monitoring also plays an important role in injury prevention and rehabilitation by providing information on players' current performance levels.
A large portion of studies in player monitoring in the Australian Football League (AFL) focus on obtaining the time spent in different speed levels as well as the total distance travelled [1] [2] [3] . The Global Positioning System (GPS) longitudinal and latitudinal positioning of players is rarely used as GPS tracking is used more for player speed than position. In a single game it is common for players to run between 12 and 20km and loose over 3kg in body mass [4] . A loss of mass of over 2% can lead to dehydration and other health concerns. It is therefore important for coaches and players to understand the workload and stress during training and game sessions.
In general GPS analysis tools are poorly used and understood. Accelerometers on the other hand are a new technology emerging in sports and provide an easy to use alternative.
This paper explores the advantages of using accelerometer based technology as an alternative to GPS units, to approximate the speed of a player running at constant speed. Current analysis techniques used to monitor speed and energy usage of professional sports men and women require the use of computationally heavy and power hungry GPS based devices. The main drain on power for a GPS based device is associated with the continuous receiving of data. Therefore, by lowering the refresh rate on most GPS devices power can be saved [5] . This, however, comes at a cost to accuracy, particularly when dealing with situations where motions are fast paced and changes in speed and direction are common. As sacrificing accuracy is not always a desired option, a solution to this problem can be through the application of accelerometers.
Research conducted by Herren, Sparti, Aminian and Schutz [6] demonstrates accelerometers can be used to obtain a participants speed. Previous studies by Wixted [7, 8] have shown that the speed and energy expenditure of an athlete while running on a treadmill can be obtained through the use of body mounted accelerometers. This case study extends upon the concepts developed by the previously mentioned authors by applying them to constant speed overground running data from a professional player during training and competitive games.
II. METHODOLOGY The aim of this research is to investigate the relationship between the stride frequency of professional athletes and their GPS measured speed in relation to over ground running. This study also provides a method to extract player stride frequency from accelerometer data. The study was conducted using data gathered from an elite, first grade, Australian Football League (AFL) player from the 2009 AFL season. It includes data collected from a mix of game and training sessions (18 game sessions and 42 training sessions).
Data was collected using a GPSport's Wi SPI (1 Hz) GPS tracking unit. This unit includes a GPS sensor which logged coordinates at 1Hz coupled with three axes of acceleration, which measured up to +/-8g, and logged data at 100Hz. The GPSport's Wi SPI unit weighed approximately 100g and continuously recorded data for over four hours. The data was stored locally on the device and downloaded to a computer after each training or game session through the use of a USB cable and docking station.
The tracking units were placed in a specially designed vest that when worn by the player, positioned the tracking unit around the middle to upper thoracic vertebrae. Figure 1 shows the three axis of the accelerometer with respect to the player. The three axes of accelerometer align with the player's body in such a way that acceleration in the x channel correspond to movement in the mediolateral axis, accelerations in the y channel correspond to movement in the superior-inferior axis and accelerations in the z channel correspond to movement in the anteroposterior axis. The vests and tracking units were worn by all players for all training sessions and most game sessions and do not impede the player's movements.
All research was conducted in accordance with the National Statement on Ethical Conduct in Human Research. Griffith University Human Research Ethics Committee Reference Number ENG/04/10/HREC. Fig2 . A graphical representation of (A) the x, y and z acceleration channels of a full training session of player data, and (B) the x, y and z acceleration channels for section of constant speed data.
To allow reliable determination of the stride frequency, several post processing techniques were used. Figure 3 provides a graphical view of the post processing conducted on the training and game accelerometer data in order to extract stride frequency.
The accelerometer and GPS data from each of the training sessions and official game matches was imported into MATLAB. Each individual session was stored in separate arrays consisting of accelerometer and GPS data. A program was written to sweep through each array and identify any segments of data in which the GPS calculated speed remained approximately constant (±5%) for a minimum of 15 seconds. Thus, the GPS data was used as a filter to identify intervals of constant speed. An example of the accelerometer data for a training session and an identified section of constant speed is shown in figure 2 . Figure 2 (A) is an example of data collected from a full training or game session (inactivity in the earlier samples has been removed for clarity). It can be seen in each axis, multiple events occur with different intensities of acceleration. Figure 2 (B) is an example of a single event in which the player maintains a constant speed. In this figure the player's impacts with the ground can be identified in the sharp negative acceleration spikes in the y axis. In the z axis the forward surges as a result from pushing of the ground can be seen and therefore occur at the same frequency as the ground impacts in the y axis. The x axis represents the rotation of the upper body and therefore alternates with each forward leg. In other words a positive peak in the x axis represents the player's right leg forward, and a negative peak in the x axis corresponds to the left leg forward.
The accelerometer data for each extracted constant speed section was filtered with a low pass filter of 0.9 Hz since 0.9 Hz is significantly slower than the minimum stride frequency. Therefore the resulting signal for each axis of the data represented the orientation of the sensor. The orientation signal was then subtracted from the original signal to remove any effects due to the player's angle.
Another low pass filter (9Hz) was applied to the signal to remove any sharp movements or artefacts. As the maximum stride frequency for running is around 4 -5 Hz a low pass filter of 9 Hz will not remove the underlying shape caused by the player's impacts with the ground. Figure 4 (A) shows the resulting data after the previously mentioned filtering and orientation processes have been performed. Figure 4 (B) is a Fast Fourier Transform of (A) providing a quick estimate of the stride frequency. The stride frequency used in the results was calculated using a zero crossing method. A MATLAB program was written to count the number of impacts with the ground by watching the zero crossings of the filtered signal in the y axis. The number of strides in the filtered signal was then divided by the time between the first and last stride.
III. RESULTS
The results of the study were focused on identifying the relationship between stride frequency, measured through the use of body mounted accelerometers and the GPS calculated speed for over ground running. Figure 5 shows a plot of the stride frequency vs GPS speed of each of the constant speed sections (n=131) ranging from 4km/h to 21km/h. It included data from the player while both running and walking. The results revealed a large gap in the GPS velocity (approximately 6.5-8 km/h) and stride frequency (approximately 2-2.6Hz). This gap corresponds to the difference between a players comfortable walking and running speeds. Figure 5 shows two separate clusters of data; the first data subset (A) contains constant speeds in which the player is walking (approximately 4.3km/h to 6.5km/h). A linear regression calculation was performed on the walking data and was found to support a linear relationship (r 2 =0.820). The second data subset (B) contains constant speeds in which the player is running (approximately 7.9km/h to 20.1km/h). Again a linear regression calculation was performed and was found to support a linear relationship (r 2 = 0.838). It is worth noting that the results follow those of Wixted's [7] study on treadmill running.
It was observed that in the running data, larger variations in stride frequency occur at lower speeds. It is theorised that the variation in lower speed running data was due to the different activities of the player during both game and training sessions. Different activities can include ball handling drills, foot work drills and ball contention drills.
IV. CONCLUSION This paper considers the problems associated with accurate GPS based activity monitoring techniques. It has been identified in the literature that accelerometer based monitoring systems can provide accurate information on a players speed through the measurement of stride frequency.
The results from this study have provided a methodology for analyzing the stride frequency in constant speed running data and have shown that there is a linear relationship between speed and stride frequency for professional athletes with respect to over ground running. Future work will include addressing the estimated speed given stride frequency for multiple players.
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